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Abstract 
In this work, an automated statistical analysis of vibration characteristics for the condition monitoring of hydraulic systems is 
proposed. Features from FFT vibration data of a micromechanical accelerometer measured at the gear pump are extracted, 
selected by their correlation coefficient to the target fault value, and subsequently reduced to discriminant functions which allow 
the classification of component conditions using multivariate statistics. The approach was successfully evaluated with an 
experimental hydraulic test bench simulating typical fault scenarios like valve switching degradation or gas leakage of the 
accumulator. It was shown that the studied fault scenarios can be selectively detected (internal pump leakage) and even 
quantified concerning the grade of severity in case of valve switching degradation, accumulator gas leakage, and oil aeration. 
Furthermore, the long-term stability of the statistical model was evaluated over several weeks.  
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the organizing committee of EUROSENSORS 2015. 
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1. Introduction 
The spectral vibration analysis has been proven to be a powerful tool for the condition monitoring of drive and 
gear systems such as roller bearings and spindle drives [1,2]. However, it is not commonly used for hydraulic 
systems, where in many cases the non-selective RMS (root-mean-square) value of vibration is evaluated for 
condition assessment according to ISO 10816. In addition, time series analysis [3] and methods combining decision 
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trees and Fuzzy logic [4] can be found in literature. In previous publications, we proposed an automated approach 
for feature extraction, selection, and dimensionality reduction for time-domain process sensor data like pressure and 
volume flow characteristics, which was successfully evaluated [5,6]. In this work, the method was adapted to 
frequency-domain vibration data of a low-cost MEMS acceleration sensor installed at the pump of hydraulic system.  
2. Experimental setup and signal processing 
The identification of significant vibration features is based on a MEMS three-axis acceleration sensor 
(STMicroelectronics LIS352AR) positioned at the constant speed gear pump of the hydraulic test bench with x-axis 
in axial direction and y-/z-direction in radial direction of the rotational axis. The sensor has a full-scale of ± 2 g, a 
bandwidth of 2.0 kHz, and is sampled with a frequency of 8.192 kHz and a theoretical resolution of 3·10-4 g. The 
test bench allows the simulation of typical component faults like switching degradation of directional valve, internal 
pump leakage, gas leakage of diaphragm accumulator, and aeration of hydraulic fluid which can be reversibly 
changed and combined with different severity grades in an automated characterization measurement. A detailed 
description of the system can be found in [5]. During the measurement, the hydraulic system repeats a constant 
working cycle with pre-defined component and load states simulating an industrial process. 
The feature extraction is realized as a multistep process: First, raw acceleration data of each cycle are divided into 
13 intervals corresponding to static and transient load levels and converted to the frequency domain using FFT. The 
amplitude spectrum of each interval is subsequently segmented into frequency sections of 256 Hz each computing 
features such as min-max values and their position, median, variance and higher statistical moments. This is 
repeated for all three axes resulting in a total of 4,992 features which have to be analyzed based on their significance 
for a specific fault. The feature selection method compares the feature and target condition values over time during 
the measurement and generates a ranking based on the absolute value of the Pearson correlation coefficient. Only 
the highest correlated features are chosen and used as an input vector for the linear discriminant analysis (LDA) 
which reduces the dimension to a few discriminant functions (DF) optimizing the class separation by a linear 
projection. 
3. Results 
3.1. Quantification of valve condition 
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Fig. 1. (a) Amplitude differences of vibration spectrum between normal state (100 %) and degraded states of directional valve, (b) LDA 
projection of 50 most correlated features with training (100, 91, 85, 79, 73 %) and validation (94, 88, 82, 76 %) classes, (c) linear fit of DF1 and 
the valve time constant; n=400. 
First, the degradation of a single component is studied: By reducing the control current of a directional valve, the 
switching behavior degrades with an increased time constant of the pressure transient during switching operation. In 
the amplitude difference of the vibration spectrum ¨|X(f)|, the degradation steps are directly visible within a broad 
frequency range during the valve opening process (Fig. 1a). Using the Pearson correlation criterion, 50 features are 
selected and projected by LDA to a 2-D space (Fig. 1b). Using a Mahalanobis distance classifier, a k-fold 
(k = 10) cross-validation classification rate of 100 % is obtained for the training data. Furthermore, intermediate 
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classes not evaluated in the training are projected correctly. In order to predict unknown conditions, a linear fit of 
DF 1 and the time constant of the directional valve can be used to quantify the degradation level (Fig. 1c). 
3.2. Combination of fluid aeration and valve switching degradation 
In a second step, the valve degradation was combined with different aeration levels of the hydraulic fluid. For 
this an air flow controlled by a proportional valve is injected to the suction line of monitored pump (constant pump 
oil volume flow 7.5 l/min) generating an oil-air mix. Especially the radial acceleration axes during the valve opening 
process are selected in a broad frequency spectrum by the correlation ranking for valve monitoring (table 1). The 
correlation level for the selected valve features shows nearly perfect correlation (0.96-0.93) while the features 
selected for aeration monitoring have slightly lower correlations (0.87 – 0.82). Using a combination of the 20 best 
features for each fault state, the LDA projection spans a characteristic space with DF 1 representing the valve 
condition and DF 2 the aeration level (Fig. 2). Intermediate classes (degraded valve with three different aeration 
levels) not evaluated in training are again interpolated properly with a classification rate of 83.3 %. 
Tab. 1. Five out of 20 highest correlated features per target 
quantity used for LDA projection in fig. 2. 
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Fig 2. Discrimination of valve degradation and oil aeration (LDA projection 
based on 40 features). 
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3.3. Selectivity in presence of several component faults and long-term stability 
Combining the four fault scenarios (valve switching degradation, pump leakage, gas leakage of accumulator, 
aeration of oil) in one characterization measurement of the test bench over approx. 16 hours, the selected features 
can be evaluated by their specificity (Fig. 3a,b,c,d). Most simultaneously generated faults can be identified 
independent of the interference of other faults and their severity is estimated correctly (valve, accumulator, 
aeration). The pump leakage monitoring, on the other hand, allows only a qualitative determination probably based 
on a resonance frequency shift caused by the switched bypass orifices. As a result, the cross validation rate for pump 
leakage is significantly lower (77.5 %) compared to the other component faults which have classification rates 
above 93 %, while the qualitative classification rate is 100 %. Furthermore, the long-term stability of the statistical 
model was analyzed by projecting vibration data measured one month later over a time period of two weeks (Fig. 
3e). For both valve and pump monitoring the long-term behavior is stable and mostly independent of temperature 
changes (100 % classification rate), while DF 1 for the accumulator shows considerable noise as well as a slight 
baseline-drift caused by ambient temperature variation (71.1 % classification rate). In Comparison, DF 1 for aeration 
detection shows a strong offset in negative DF 1 direction after one month leading to false classification, and, in 
addition, exhibits oscillations which correlate to the day/night rhythm. One explanation might be that during the 
training phase a temperature variation occurred with a shape similar to the aeration profile so that the correlation 
ranking selected mainly temperature-sensitive vibration features. This could be avoided by optimizing the design of 
the experiment, e.g., by repeating the aeration profile at several ambient temperature levels. 
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Fig.3. Selective detection of (a) valve, (b) pump, (c) accumulator and (d) oil conditions with projected data measured 1 month after the training 
data set over a period of two weeks. Projection along DF1 vs. time and comparison with temperature is shown in (e).  
4. Conclusion and outlook 
Measurements have shown that the process-specific analysis of spectral vibration characteristics of a pump allow 
the condition assessment of several components installed in the hydraulic system. Using the highest correlated  
spectral features from a pool of 4,992 features extracted from different acceleration axes and frequency ranges, not 
only the valve switching degradation can be quantified but also component faults occurring simultaneously such as 
pump leakage and gas leakage of accumulator were discriminated. Except for oil aeration, the long-term stability 
was successfully evaluated over several weeks. Note that all evaluations are based on a single cycle only, thus 
yielding a result after every minute. In practice, a degradation prediction would be required every day allowing to 
validate the result with further measurements.  
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